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[Abstract]

In this paper, a novel visual tracking method which can utilize the context of object regions is
presented. Conventional methods have the inherent problem of treating all candidate regions
independently, where the tracker could not successfully discriminate regions with similar appearances.
This was due to lack of contextual modeling in a given scene, where all candidate object regions
should be taken into consideration when choosing a single region. The goal of the proposed method is
to encourage feature exchange between candidate regions to improve the discriminability between similar
regions. It improves upon conventional methods that only consider a single region, and is implemented
by employing the MLP-Mixer model for enhanced feature exchange between regions. By implementing
channel-wise, inter-region interaction operation between candidate features, contextual information of
regions can be embedded into the individual feature representations. To evaluate the performance of the
proposed tracker, the large-scale LaSOT dataset is used, and the experimental results show a

competitive AUC performance of 0.560 while running at a real-time speed of 65 fps.

» Key words: Visual tracking, Object tracking, Video understanding, Context modeling, Mixer network
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I. Introduction

24 ZA (visual tracking) &A= ZEH H|A
(computer vision) A-L0] CHEAQ] 51 ALFA|Z, *
ol 7IA], AF& Z3), R HEIA S0] o] 28 BopsS 7}
Al Faqt FAolth A 24 FAls BlY e A =
2 ojujx|et & £7] ZA| AJE) (initial target state)
7} 77 ARF (bounding box)9t 74+ EfZ ZojRIcti
7 o, AP0 2 ZojA|= H|g]Q mUSof thaf

2Al9] gL YPHO2 ABTE AL SEE A} B
Al FR2 25k Foh BE A9 WY, Bl2d 24
o S, & ek, 2 Afs} 5 of2] =AAQl Jarsol
WA 2 9lon], F2 2R 8 LuREL ofiet A
FooME Mo SE BAT s Pastolo
giet.

2l 921 (deep learning) ¥ & & AEY (CNN’
convolutional neural networks) T&9] ¥hx ol =]
7 ololo} i S8 ARIEI 9, 24 £ 2

V2]EE0] ML gt 2 SFARS o]29itH1]. I A=
A OYEYS (Siamese network) RS RSt

SiamPC[2] 2L o X

Fas Wokon,

x| (target patch)Q} &A% Tz (

2 A0 Yoz wof EAAS £& _§_ AFS AR}
re

S5t Sl WE BA see
50| olzofgitt. 7

aro sS4
15 _l“ﬁ

(cross-correlation) ]_1\ = ] oz
7R mix]e] HRIE A
A7] ZA (long-term tracklng)ol PARSY A=t N1 VSPAEY|
GlobalTrack[3] ¥}H=2& 7|& EX)] 74& 7|9l Faster
R-CNN[4]9] 38 g A9t (region proposal) T &
g 2= (region classification) GA9] 287 12 &5
AH&-sHTt.

Initial frame I, Targe feature &

Region proposal
network

frPN

Search frame I,

Search feature map Fy

Figl W'.

L CRERN

SHAIGE o]e} Z2 7|E SiamFC 7|9te] W52 7
& AeH BE oW G50 His sP8ACE S8 =
Aot FALES AFEst= SHAIRO] Qlof, fARRH 9%
o] AT 5785k B AEH AR ZHofl Rlo]7F ¢
Aol A7t SA|FY ol 252 Fo7)7] Hdue +
Aol Qlct. waha 2 %LOﬂH% ol2{gt ZAINZ 52
5171 915l o421 719] WG (context region)=ofl EHOH
TEA (dlscrlmlnablhty)% g5t SAIES &
2ol 2 EXMS k&gl EstE] gole] ypH=o 7§ﬂ
A5, ol= MLP-21A] (MLP-Mixer)[5] HIEH
o] LA,

AlQtshe W20l A= GlobalTracke] S8 g Aot
HESZ9 &8 =2 7I§HC2 510, MLP-A 25

S g25lo] AT MR Y 28 nES E5) sk Auio]
”“E}Oﬂ E3l=l EXA B9 (feature representation)S s

Sohe AS SH2 oI Alokehs WHEd izt s
B7te  HoiMe= dit2 (large-scale), ”71”
(long-term) &&15A Hlo[E|Al - sl LaSOT([6}2 &
gol o, Aetehs WHEo] &2 s A AARE &
T (65 fps)2 AR ERlstelnt. AQtehe &4 34 &
HEol| oigh 72 ol Fig. 13} At

2 = Ut gol AT 2789] el AtollA
+ 9219 718 A 24 due]EEo] oist 7|& By
52 Mlsta, 7F gaelgo] o] WAl g EX| A
< o8st=Aol tioll BAlst 11 A Alesit) 3
o] KﬂOJ Ho“ﬂd Oﬂf\i% ”ﬂ% ’ﬂi% A 24 darelEo|
= =& AN, AgoA=
Kﬂoﬁd A &4 Ho*‘?j 22 AgAoR Aol B A
A RS HwARE 233 opR|eto s 5o
A Ak o] tist ] A AR A 9]
AT 3ol s AlItet=S gt

J

Candidate features &Ly

Context
Mixer
Module

—>

Region classification Tracking
network 3
result by,
fron

Overview for the proposed visual tracking framework
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II. Related Work

24 FA 2A- Qutbor 7AES E5t A
(tracking-by-detection) 7]gt9] AI¥S Es HH=2E

=
o] ARtelo] $fony, sig WHESS 4% B 9 Ui
N =B A dEs] Yol o]kl 27 (binary
classification) 2A|29] 2@ E5] 4] &8 ZAIS
siAstuAL sHitt deA e shao] ¥rd ol E&
7] 222 gA FAoM 28 AP e i I
(positive)?] 2lo]55 7HRI=%, 8l 0] A Fie
& (negative)?] 2o]55 7| =% 730, 49| 2o
2 7KKHA 71 AEl= A4 (confidence score
Lo ojojo = 27| ojojog /\15145}71] g}

7}
== 8%= =
Qeld L AFY 2 J|u 2
(feature representation)=< 9
Al 28 Pes B3 2 45 = o=t daA
ol dejd 7]gte] B2 o 2= MDNet[1], SiamFC[2],
SiamRPN[9]7} Z-& HHZo0] MD} MDNet[l]J e
VGG[10] HIEYZ 74t
of of2f a9 =4l %
EJAllof] ofsh AtRlers2 Hggi}ﬂr 7eﬂr 0431 Eﬂﬂoloﬂ
A FeRler AR 4 9l Sohe UEY
o} apenl, A 241 24 YRoliE UEdad 5
W 52 9P A8 B 25 4l uje} A
I'H (gradient descent)& AMEsto] HEYI S ddo]
q MDNetQ] 7:] o 7]_75_ CNN E.X]?g% /\}_Q_é‘j— /\]-_TL}—
IUH (correlation filter) 7|9te] 24 Z2& U4 12]Z Tjy|
dee st oY, SA19 Y ZH9 dHolE
| 2QE= AR R W2 AREA = AR 0] Qlof
AAIRE (real-time)&|2}= of2i# AR o] .
0]% SiamFC[2]o|A= 7|9 4f¢t *TE 7]9E 24 &
Yae|Eo] 7R et A9 A, CNN 7]gte]
st EXA =& golo] XS 85150 2 4 MDNet
o] 7Hl& Wdste w2 aE2 HRoh
SiamFC= metu]Efe] AL 2 ALtEe] 57 QQlol ¢
AZAZ (fully-connected layer)S viA|st AR oz
95 AAF (fully convolutional)gHS AFESF 2E L
AFESIAT). Eot 4F (Siamese) &S S5l ZHA] TX]
(target patch)e} &A8 TX] (search patch) O]OJX| &<
SAlol Yoz dop EARS FEs5tl, ZBA| mx]|of|A]
ojo %x];q ujo ’1]519] 66]EH§ EJ—AH ”—HK]J Exlﬂ Uﬂoﬂ
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Table 1. Comparison of target localization schemes
Region Proposal Region Classification
GlobalTrack RPNI[4] RCNN[4]
ATOM IoUNet (ECCV'18) -
SiamRPN++ RPNI[4] _
SiamFC - -
Proposed Context Utilization +
Method RPN[4] RCNN[4]
olg ZE BA|9| ¢IAIE FCE AN 455 Do}
7] Yol dAtebd 719te] wHl 7EAl #ﬁ‘ﬁx AN
0|50l SiamFCE 7|uto 2 g clofgt B4 24 4

Hasol Wol At glon, guAog: SlamRPN[9]
1} 7ro] 27 744& (object detection) Eofoj|A] Tro] A}
8= 549 o9 A9t (region proposal)4] JEY IS
AFeste] 24 A4S 0L AasHA HAEST 4 Y= §f
= 20| uotwlQict E3h EARH([13] 79k
T 5 AN 14,15], SR 1ES) 4 75 Y 4
o A A4 1Ere] EA 24 Oe‘ﬂalﬁq 85 oA =
HAUoA XIS ASSIUAT & o A my oA AE
H Fde vz gA RS *%Lh_ Aol Qlot.
Tleb 2ol 3 Holet Mot %9 24717t A
(hijacking) ¥ #&F (drlftlng) Ao 2 oI5| HFE 9JR]
2 9JEsH] xohe 2APE EAst 7] £ ZAlol=
A o2 oH?ﬂoM 915} GlobalTrack(3]olA=
AR e AdojlA FA miR] S &5k A Zd AA
of Ujal MubRo 2 EMS xIEksly, S8 o3 Aok o
AR FY 27 A9 22 x4z FA715 229
siglonl, A7) £ EA0IN T A5 Atk
5}X]9t GlobalTrack E3t SiamFCeQ} Zo] 2 &
0"6‘1“‘.:01] tisl =840z FAL=E ARESIthHE M|
AC 23t 249 =Rl=0] g AW 5 *5}
Tor/\}E 7k l Ato]7 ol Aof FA717t 2A|Y J01
=9 907|= A (hijacking) FAtl F|oFs }D}%
Fol REHT Thy 2 Aol oj2iE A
2| ool Aok $u oS mAE wW
(context region)o2 F|Fsto], 0|5 It LEA
(dlscrlmlnablhty) A|O)3}5} . QA O] k0] ko] &
2 2700l sl 2lcio] SALES 2L 4 9l S
& S0l 22y YLEL AT ( OI% e
2o =&-& 92 MLP-9lA (MLP-Mixer)[5] UEX A
Fgsto] g1 ojololx 259 AR50 A 7+ 4

=
(inter-channel interaction)g Z=EH3H0 2
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Fig. 2. Detailed view of the context utilization module

III. Proposed Method

=)

AiQtehs Al 74 292 vjgeo] A = I
=AY £7] AR FE b ot T, 2AIE AUAL o=
A oY [ 5 Yo ghert 7 meoAs E4
55 YEYT 68 5ol hxwxe 3719
(feature map) F, = ¢(L).F, = ¢(I,) S FEsIH, ¢

£ AP SheE ResNet-18[718 AF&a19iTt 0}20] 24
2% R 37 = A2 FaEn) A v oo A

v O

o ot

_JllTl
2
> dm
=)

ot YEEYS. (region proposal network) fppyve &0
2] 79 &4 F9H (candidate region)g U= ©Ao]
H, & ¥ DAl dojrl 38 gHo EAA
7 UEND froyd BEStol 71 A1 8 Golg
54 290 A% 202 Ak Witk 2 A §
A AR 8t e oheat 2ot

3.1. Region Proposal Stage

A GAA SE F9 Aot ©AL HA
ROIAlign[4] W2 ARgsto] A m2d SAE 9 F.of
A 3R 23 (spatial pooling)® ZHAI9] £ #H
S FEUTE 2Y TV]e s =58 sxsxco FH=E
o7l z & ARgsto] BA maf|o] SR W FLete] s

7+ (cross-correlation) @AMS  F.=F, . 29} Zo]

oA e olof Zo] AE S U F.2 38 o
Ak 3l (head) UIEHZO]
L gl Age ¢ oldl BE

map) p (F7] hXwx2)et 8tA 3|4 ©

box regression map) ¢ (3]

p.a= frpy(F,)2 20l FECh pg= BF FHA0=

hxw 3712, 727} 2,49) Ad 2712 A4t 0l%, p

oA A'd WP softmax Ak &l 2 IR ish

o
35

ne

Ol

o_IR -l>

(binary class
M (bounding
hXwXx4)S

o x50 et ¢ 2

2 gsiol 5 4ete] ol 91, 2%, 025 Al
Ojsh 8tA FBPEE A2 S NMS AikS Faff N7j9]
FEE 38 9 {pli=1,.., N} F AL
% 90l A9l 61 (head) ] S5 9t &4
gat of2fer Zonf
LRPN:L‘Zs(p’p*)+)\L,(g( ¢q*) (1)

919] Aol p* g+ = 22t BE SIRIY S 2ol
S Uehol, AL 5 o] 39S gfat Wl L, =
7 Yt Focal lossg, L, ,+ IoU (intersection-

over-union) lossg AMHEstioH L, 9 3%
98], = 28 2R 4
tisiAf R ool &

Aol HisliAle 05 &33H

*> 00]
4} oo ol 113t AoiSol
&g Boskn Yol u o

3.2. Region Classification Stage
& R 2% S8 49 27 9AY e A
AR dojRl S8 FAS b, 52 £t Ju e G
El°1 EXR W F o thsl s = 12 ROIAlign 94HS
Joto] cAtdel §4 wE PEi9] o', & N7 (
8) &&chl, 22 S sof A Y EAA
oAl Bojxl Aol S ¥ 2/ efe] HE A (lnner
product) FAHS z; =2’ 2’9} o] ISt O30
28 QoS 719 57 AU Teehn, MR
(context mixer module)g <5
2ol FHE ;=0 ojst AMAL
(concatenation)S Edf shte] Nx e 37] HIAS UhS
T, FA] AAS B3 ex N 3719 XT=[yp5.0,) 5
A=t ol% 79 Y HIE ¢, 52 5PN os MLP Y E
V= e W) ST &, QojAl

X 7= [y 0ll TiS) THA] MR] AR adsto] miet

_J
“*1 ¢ -|> ||:| :13

B
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1o

R

i)

P

4 15 A< (head) HIER20] Yotz 1

ata B R 0S ww=frovle) 2t 2ol 2e
o714 ut 2RFE9] A71E, v 4AFA9] F71E TIRE
HiEjo|ct OpA|Etog, 4oflA softmax HARS E3fl 71

ax
288 A% 0, S W KA 99 G=b,
.=

5 2AFAY Atz deth &
(head) U EHIF O] sh52 9ot &4 4w offiet 2
Lpen = Lo (w,u™*)+ )\L/,.eg (v,v*)
Aol Al w* vt 27 =
A FRE UHUY, A\e & 9 435 A Haol
ot L.+ Focal lossg, L', = L1 loss& AME5IC
o, L,°% 4% S8 494 Fx FH99 loU 3ol
7, =058 e el &9 2ole2. 7, = 0.405}
Al B2 &9 Holgg F5otes oflet. w5 I,
o] Zfoll= 7R = —?—E 0"6@.3 = G| loU 3k
o @} 7,8 2she

A A9 08 Belsto shaat =3 Ack

T U=

3.3. Training and Architecture Details

AoM Med =41 34 E%‘% SHEAI7171 st o2
of o] £ &4 A42 Aojsiion,

Ly= LRPV+)‘ Lpey )

Ao A Lppy ™ Loy 35 A (1) R A (2)0]
A Aolgh 241 242 AFSSIYITE &4 3%0] HAsks
SJalAI ZAteb 71ste) AdamW(s] &1Hst ot nals
S AFgslict 8458 (learning rate)2 10 S &8s}
Ao, ALY YRS St 7HsAl dAf (weight decay)
B4 10772 Aot 852 9ol AFEt lolEAl
O LaSOT9] training seto]d, Off &AL (iteration)o}
Qojo] vt} He B ajg u]coo] Yl £ &
Nelsiol FRAAL, & 2 10°510] SIBAS 53
HA 571 A)-o) §t o] st5E 74 (learning rate
decay)E 0.59] 7}ER|2 43851 c).

HJIO L

s

ol

Table 2. Detailed architecture of the proposed tracking
model

Feature Extraction Stage
Input: I, I, (3>480x720)
Feature extractor: ResNet-18 [7]

CONV: 256 x<512x1x1 CONV: 256 x512x1x1
Stride:1, Padding:0 Stride:1, Padding:0
F.=¢(L,) (256<30x45) F. =¢(L) (256x30x45)
Region Proposal Stage
ROIAlign: = (256%5x5) | F, =6(I,) (256x30x45)
Cross-Correlation I«i,:Fl, « z, Stride:1, Padding:2

F, (256%30%45)

CONV: 256 <256 <3 <3 CONV: 256256 X3 <3
Stride:1, Padding:1 X2 Stride:1, Padding:1 X2
GroupNorm G=16 GroupNorm G=16

CONV: 2x256x1x1 CONV: 4x256x1x1
Stride:1, Padding:0 Stride:1, Padding:0
p (230 x45) q (4x30x45)
Region Classification Stage
ROIAlign: z (256<1x1) ROIAlign: ', (256>1x1)
Inner Product z; =2;- 2 - Concat X=[z:...;z,]
X (INx256)
Transpose: X7 (256 < N)
MLP: NxN with Residual Connection
Transpose X (NX256) -

CONV: 256256 <1 %<1
Stride:1, Padding:0 X2
GroupNorm G=16

CONV: 2x256x1x1
Stride:1, Padding:0
w (2X1x1)

| <3

Row vectors 51 (256 <1<1)
CONV: 256x256x<1x<1
Stride:1, Padding:0 x 2
GroupNorm G=16
CONV: 4x256x1x1
Stride:1, Padding:0

v (4Xx1X1)

EAH 552 Y YEYT ¢ 3x480x 720 T7]
yPo won], RE Y ojujx|o
ofell 7P 71 #1o] 37]o] ghy 2jatolA] (resizing) Al
o %i]_,}_(a‘— Exl;ﬂ UHF Fl_

fru
-
o,
n
2

. )
\o
‘N
e
1o

U o
~
rlr ok

(convolution layer)
25602 AMAASIYCH ®3F ReLU &AsHS (activation
function)?t 15 A3} (group normalization) HARS
Atolof ARSI UEH T oZ|EIAo thgh Al &2
L Table 29} Zt}h A A X202 WHD, 29 RA|

Huo x7} Zoioz dojx|: EXIA @Wo] F7]o| 1

olojo] BEe YEY I Y 2ES Uehic)
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Table 3. Comparison of performance metrics on the
LaSOT test set

Table 5. Ablation experiments for the proposed context
modeling module

Table 4. Performance Comparison for challenge attributes
on the LaSOT test set

Background Deformation Scale
Clutter Variation
Proposed

Method 0.475 0.602 0.562
GlobalTrack 0.436 0.533 0.520
ATOM 0.451 0.514 0.515
SiamRPN++ 0.449 0.529 0.494
SiamFC 0.308 0.351 0.332

IV. Experimental Results

4.1. Dataset and Evaluation Metrics

Al BAFN Yualag ssabl Me
LaSOT to]E|MI9] training Ala, B7I5H7] flsiA=
LaSOT Hlo]EAI9] test A2 ARESIITE HlolEAlo] =
atel & 14007Hﬂ G & testE sl & 28071 vt &
ez H7Hs Alsgstgl e, sig HlolEAl 30fps 7]
& B Aot Hﬂ— ooz, 7] #4 (long-term
tracking) 452 713 4 9l HlojE}Alolt E3t B
= “Elo‘oﬂ oish J#t 2flol=o] Eof Qlct. B7t Ao
= oA A1 Blg o] 2= Ao tish o5
Ao} efol © ARIZIS] IoU E 7e] 919 35
, 01501] o3t 9|3} (threshold)S HaEIA|7|HA]
quct §o/0e e sl Al e 575t
B8 A5 =% (success plot)it stz =2
(precision plot)Z A}, o]FEA AojRl & ZF0A Al
W L AES mEO, A2 4 B2 AU B
%, =R 2719 tisl % rteHnormalized)d 2= &5
9] AUC (area-under-curve) Zr=o]ct.

2L l'lg o> HJ"X'
'11 3

%

Rlodm omo o
0.

oIS

4.2. Quantitative Evaluation

¥ 32 AR A= 5y} gl u|po] Axolct. Fotsh=
%ﬂﬁx (Proposed method)?] 4J50] B8]
ZE oyl AUC 2 AEHE oA £ B}

AUC Precision Norm.al.lzed AUC Precision Norm.al.lzed
Precision Precision
Proposed Proposed
Method 0.560 0.578 0.620 Method 0.560 0.578 0.620
GlobalTrack 0.521 0.529 0.599 Baseline 0.549 0.565 0.608
ATOM 0.518 0.506 0.576
SiamRPN++ 0.496 0.491 0.569
SiamFC 0.336 0.339 0.420 — GlobalTrack ATOM w==SiamRPN:+  wmmSPLT e VITAL

oo 24
Fig. 3. Qualitative comparison on LaSOT test videos
(zebra—17, giraffe-10, fox—5 & gorilla=9)

207 99 7% 719t9] GlobalTrack[3] €12]5 tjy]

=2 4 e FUsith 12]il ResNet-18 %
ResNet-50 S7A 7[8te] o =X &4 gael5el
GlobalTrack, ATOM[11], SiamRPN++[12]1} B]w5}%-&
= 7MY A2 AAEFS 71K]= ResNet-182 ARgsHH
N7V e S B A ¥ 4 A0 5g &
I 390 SHY AR S AEE 30l

i

Ol

(AUCK|E AF2) Hi7d 24 (background clutter),
(deformation), 2#|Y #3} (scale variation)] A 7}7<]
=40 el 943 H5S Helsioict. B3], & e
o} 22 25 % 7% 7] GlobalTracke] 49, =
29 Aol ol oz 28 A At FAR &
‘do 2 Qlsf| vlRst &4 o] &50] Aol v EA 5
‘dofl tist AUC “ds0] & A4l 34 du2|E O] F
g % 4 UKk oI ol ARl Amel

9 & Aol F7 } oz 7(1]0}6}:

& 250 qils o A W3] St

E_ﬂ iﬂ "e‘ﬂﬂlﬁoﬂﬂi A2 6}% Sore Folst mol

o|A] Baseline)S 7+-2 AAof|A] &-5A]7]1 0]Q] A

[ Oé‘}iUr An}, & 49} 2ol Aot
! =2

F i - - A
B F aE =I5 ik

7;ﬂ EIHE'J-OJI

Lo Aol
(o]
a7
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4.3. Qualitative Evaluation

Fig. 32 Alotsh= 24 4 Fare]5o] A/dAQl vl
= Yot AnhE YERHTE LaSOT Hlo]EA19] test setojlA]
A 4719] vd Qof tis Aletsh= =41 24 41aE
1} 4719 B Lare]Fo] £2sk= At (bounding box)E
Hejgl me|olSol cis) M2 b2 A1 Abgstel AlZtet
stk 7t e Mz O witeE, 7t de sy ude
o] of2] maolo] chst AlZstE LERC AlZist 2 ]
At 2 =wolA AQtehs WEEo] B 24 34 dare]
& OB] fARE 357 Ee HRet s 7HRe 2410
gF Ao o] Ssttete ¥ =2 =g ti =4
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